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19.1

Introduction

Thanks to significant advances on both the algorithmic and the practical
sides, mining graph data has turned into a key domain of data mining. Various domains use graphs to model their data and graph patterns have widely
demonstrated their potential, especially in the field of chemoinformatics where
chemical structures are commonly modeled as graphs. Computational toxicology, which aims at studying toxicity by using computer tools, is a typical
example of an important field for developing graph mining methods. Even
though there already exist useful tools such as Derek [12] that rely on fragments for assessing the toxic behavior of molecules, these methods suffer from
two limitations [5]: (i) there is a lack of objectivity when a human expert
assesses the level of toxicity caused by a molecular fragment and (ii) there
is no decision rule based on the conjunction of two or more molecular fragments. Thus, there is a strong need of methods that can extract conjunctions
of molecular fragments whose occurrences demonstrate relationships with a
toxic behavior.
The chapter meets this need by designing a method, based on the no259
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tion of emerging pattern [3], called the Frequent Emerging Molecular Pattern
(FEMP) [10, 11]. Given a chemical dataset partitioned into two classes (e.g.
toxic molecules and non-toxic ones), a FEMP is a conjunction of molecular
fragments such that: (i) its frequencies between the classes are sufficiently
different and (ii) its frequency in the target class is high enough to be significant to support a further use. In chemoinformatics, this notion positively
answers the need of an automatic and understandable method for extracting the conjunctions of fragments related to a given behavior: FEMPs have
already demonstrated their usefulness in computational ecotoxicology [7].
Section 1.2 explains our methodological contributions, i.e. (i) the FEMPs,
their computation, and (ii) a condensed representation summarizing the extracted information. Section 1.3 gives the key results of an experimental study,
where we quantitatively assess the effectiveness of the FEMPs as structural
alerts in computational toxicology. Section 1.4 provides a thorough chemical
analysis of the information brought by the extracted FEMPs. That chemical
analysis represents a solid qualitative reasoning that advocates and demonstrates the advantages of the use of the FEMPs in computational toxicology.

19.2

Frequent Emerging Molecular Patterns as Potential
Structural Alerts

This section introduces the notion of a Frequent Emerging Molecular Pattern (FEMP). Here, we stress on the intuitions and the key ideas, and illustrate
them by the example in Figure 1.1. Formal definitions and proofs of the results
are given in [11]. Sections 1.3 and 1.4 will show that FEMPs are at the core
of the chemical information discovered by data mining processes.

19.2.1

Definition of Frequent Emerging Molecular Pattern

The left side of Figure 1.1 displays molecular structures in the usual manner: 2D molecular graphs. Graphs are frequently used to model elements having relationships – the edges of the graphs represent relationships. Then, a
molecular structure is depicted as a set of elements, the atoms, that interact
by means of edges, the chemical bonds. An element of a molecular graph is
labeled with the atomic number it represents, while the label of an edge indicates the type of the chemical bond. In Figure 1.1, the chemical dataset is
partitioned in two parts: toxic molecules and non-toxic ones.
The right side of Figure 1.1 displays molecular fragments; a molecular
fragment represents a part of a molecule. A fragment is said to occur within
a molecule if there is an embedding of the fragment in the molecule that
satisfies both the relational structure of the fragment (the presence and the
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FIGURE 19.1: An illustrative chemical dataset

absence of every edge) and the labeling scheme of the edges. As an example,
the embedding of the fragment g1 is shown in bold on the molecular graphs.
The frequency of a fragment in a chemical dataset quantifies the portion of
molecules of the dataset where the fragment occurs. For instance, g1 occurs
in 100% of the toxic molecules and 50% in the non-toxic ones (cf. Figure 1.1).
A molecular pattern is defined to be a set of molecular fragments. The length
of a molecular pattern corresponds to the number of fragments it contains. A
molecular pattern occurs in a molecule if each one of its fragments occurs in
the molecule. The frequency of a pattern in a chemical dataset quantifies the
portion of molecules of the dataset where the pattern occurs. In Figure 1.1,
the pattern p0 has a frequency of 50% in the non-toxic molecules.
In order to automatically discover structural alerts, it appears to be highly
appropriate to look for contrasts between toxic and non toxic molecules. When
a molecular pattern sufficiently occurs within the toxic molecules and has a
frequency which significantly increases from the non-toxic molecules to the
toxic ones, then it stands as a potential structural alert related to the toxicity.
The notion of a Frequent Emerging Molecular Pattern embodies this natural idea by using the growth-rate measure. When a dataset is partitioned
between targeted examples and non-targeted ones (also called “classes”), the
growth-rate of a pattern p is defined to be the ratio between the frequency
of p in the target class over its frequency outside the target class. Following
our example, the growth-rate of a molecular pattern is obtained by dividing
its frequency in the toxic molecules by its frequency in the non-toxic ones. As
usual when the denominator is equal to zero (and the numerator is different of
zero), the value of the growth-rate is denoted with the infinity symbol, ∞. An
emerging pattern [3] is a pattern whose growth-rate value exceeds a threshold
given by the user. For example, in Figure 1.1, the growth-rate value of the
molecular pattern p0 is equal to 2. Thus, as soon as the minimum threshold
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is set to less than 2, p0 is an emerging pattern, from the non-toxic molecules
to the toxic molecules. We can now state the definition of a FEMP:
Definition 1 (Frequent Emerging Molecular Pattern (FEMP)) Let G
be a chemical dataset whose molecules are partitioned into two classes. Given
a frequency threshold fmin and a growth-rate threshold ρmin , a molecular pattern p is a frequent emerging molecular pattern if its frequency in the target
class is greater or equal than fmin and its growth-rate from the non-target
class molecules to the target class is greater or equal than ρmin .
To simplify, from now on the property “being a FEMP in the chemical dataset G partitioned according to a classification and given a frequency
threshold fmin and a growth-rate threshold ρmin ” will be abbreviated as “being a FEMP”.

19.2.2

Using RPMPs as Condensed Representation of
FEMPs

In practice, FEMPs are often numerous and include redundant information. This section deals with this issue by proposing a condensed representation of the FEMPs – the Representative Pruned Molecular Patterns (RPMP).
The growth-rate of a molecular pattern is computed from its frequencies
in the classes in the chemical dataset. It implies that the property of being
a FEMP only relies on its extent, the set of molecules of the input dataset
in which the molecular pattern occurs. Patterns can be condensed by using
specific forms of patterns such as the closed patterns [9, 13]; by condensation
we mean that all FEMPs can be regenerated (from the condensed patterns)
with their exact values of growth-rate and frequency. A closed pattern is a
pattern from which no element can be added without decreasing its extent.
Given any extent of the input dataset, there is at most one closed graph pattern corresponding to this extent. Relying on this property, one can condense
a set of FEMPs by retaining only the related closed FEMPs. This significantly
reduces the number of patterns without loosing information.
A molecular fragment may occur in another fragment, in the same way as
a molecular fragment occurs in a molecule. As a consequence, the relationship
“occurs in” induces a partial order between the molecular structures, depicting
either a molecule or a fragment. The fact that g1 occurs in g2 is denoted
g1 ⊑ g2 . As it is a partial order, the relation ⊑ is transitive and it follows that
the extent of a fragment is included in the extent of any of its “subfragments”.
For example, the benzene ring ( ) is a subfragment of the fragment g1 of
Figure 1.1, and its extent in the chemical dataset G, namely {G1 , G2 , G3 , G4 },
contains the extent of g1 , namely {G1 , G2 , G3 }. Thus, one can add a new
fragment to a molecular pattern without decreasing its extent, as long as the
added fragment is a subfragment of an element of the pattern. For example,
adding the benzene ring to the molecular pattern po in Figure 1.1 will not
change the extent of p0 because the benzene is a subfragment of g1 , which is
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an element of p0 . As a consequence, a closed molecular pattern always contains
all the subfragments of any of its fragments.
In practice, closed patterns tend to be long patterns and a large portion of
their fragments are subfragments of another bigger fragment. These subfragments have no meaning and can be removed without loss of information. By
pruning any fragment of a closed pattern p which is a subfragment of another
fragment of p, we get a shorter representation of the closed pattern. We call the
resulting patterns Representative Pruned Molecular Patterns (RPMPs). There
is a one-to-one correspondence between the RPMPs and the closed molecular
patterns, and this correspondence preserves the extent [11]. For example, in
Figure 1.1, the pattern p1 is the closed pattern sharing the same extent as the
pattern p0 . Not only p1 contains g1 , but also all its subfragments. p2 is the
RPMP associated to the closed pattern p1 ; p2 has been built by removing any
fragment of p1 that is a subfragment of another fragment of p1 . p2 enables us
to provide a meaningful and understandable representation of p1 .
Definition 2 (Representative Pruned Molecular Pattern (RPMP))
Let G be a chemical dataset. A molecular pattern p is a representative pruned
molecular pattern if the molecular pattern obtained by adding all the subfragments of the elements of p is a closed molecular pattern in G.
Given a chemical dataset partitioned between targeted and non-targeted
molecules, a minimum frequency threshold and a minimum growth-rate
threshold, we have designed a method to mine the set of the Representative
Pruned Molecular Patterns that are Frequent Emerging Molecular Patterns.
This is discussed next.

19.2.3

Notes on the Computation

This section gives a sketch of our method for computing RPMPs. Let
G be a given a dataset partitioned into targeted molecules and non-targeted
ones. Recall that a FEMP is a molecular pattern whose frequency amongst the
targeted molecules exceeds a given frequency threshold fmin . Since the relation
“occurs in” is transitive, The frequencies, in the target class of molecules,
of all molecular fragments in a FEMP must also exceed fmin . Our method
uses this property by firstly extracting these frequent fragments. Second, it
describes each molecule of the dataset by indicating for each of the frequent
fragments whether it occurs or not in the molecule. Third, relying on this new
description, one extracts the FEMPs by using an existing method dedicated
to discover the emerging patterns.
The FEMPs and their associated RPMPs are computed by integrating
three existing tools: Gaston [8], MicMac [13] and VFLib [2]. First, frequent fragments amongst the targeted molecules are extracted using the graph
mining tool Gaston. Gaston computes the extent of a frequent fragment
amongst the targeted molecules. We have updated it in order to simultaneously provide the extent of a frequent fragment in the whole input G. The
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result of the step is a dataset D which is a description of G based on the
occurrences of the frequent fragments amongst the targeted molecules. Then,
MicMac mines from D the closed patterns that also are frequent emerging
patterns. Finally, the RPMPs are obtained by pruning these closed patterns:
a fragment is removed from a closed pattern p as soon as it is a subfragment
of another fragment of p. This step requires to perform subgraph isomorphism
tests; they are done using an implementation based on the functionalities provided by the graph matching library VFLib.

19.2.4

Related Work

Several methods have been designed for discovering graphs that are correlated to a given class. All these algorithms operate on a graph dataset partitioned into two classes, targeted examples and non-targeted ones.
Molfea [6] relies on a level-wise algorithm. It extracts the linear subgraphs(chains) which are frequent amongst the targeted examples and infrequent amongst the non-targeted ones. However, the restriction to linear subgraphs disables a direct extraction of the fragments containing a branching
point or a ring, as the benzene.
Moss [1] is a program dedicated to discover frequent fragments by mining
molecular graphs; it can be extended to find the discriminative fragments.
Given two frequency thresholds fM and fm , a discriminative fragment corresponds to a connected fragment whose frequency is above fM amongst the targeted molecules and below fm amongst the non-targeted ones. This definition
differs from the usual notion of emergence which is based on the growth-rate
measure as introduced in the previous section. Note that the set of the discriminative fragments according to the thresholds fM and fm does not contain
the whole set of the FEMPs having a growth rate higher than fM /fm or any
other given growth rate threshold. Moreover, such fragments only correspond
to patterns of length 1.
Another work has been dedicated to the discovery of the contrast fragments [14]. A contrast fragment is a fragment that occurs in the targeted
examples and never occurs in the non-targeted ones. Although this notion is
very interesting, it requires a lot of computation. To the best of our knowledge,
the calculus is limited to graph datasets containing one targeted example and
the mining of a molecule exceeding 20 atoms brings up a significant challenge.

19.3

Experiments in Predictive Toxicology

This section aims to experimentally assess the utility of the Frequent
Emerging Molecular Patterns (FEMPs) for predictive toxicology. Following
the results shown in the previous section, we use Representative Pruned Molec-
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ular Patterns (RPMPs) as a condensed representation of the FEMPs. For the
sake of simplicity, in the following by a RPMP we mean a RPMP which is
also a FEMP. In this section, first, the chemical dataset and the experimental
setup are detailed, then the potential of the FEMPs is assessed by examining
whether they retain their properties outside a learning set. Finally, quantitative results about the RPMPs in predictive toxicology are provided.

19.3.1

Materials and Experimental Setup

Chemical Dataset
Data were obtained from the EPA Fathead Minnow Acute Toxicity
Database (EPAFHM) [4]. The data were collected by the Environment Protection Agency of the United States. EPAFHM has already been used for
expert systems in computational toxicology [15]. The chemical dataset used
here include molecules selected from EPAFHM based on the LC50 value associated to the molecules1 – we selected the molecules known as very toxic or
non-toxic. The dataset includs 297 molecules, partitioned according to their
level of toxicity: 74 molecules are very toxic and 172 are non-toxic.
Experimental Setup
Results given in this section are obtained from averages over a five-folds
cross-validation scheme: The dataset was randomly shuffled and then divided
into five folds, such that each fold preserves the initial ratio between very
toxic molecules and non-toxic ones. Each fold is successively the test set, with
the union of the four other folds forming the learning set. A learning set
averages 196.8 molecules (59.2 very toxic and 137.6 non-toxic) whereas a test
set averages 49.2 molecules (14.8 very toxic and 34.4 non-toxic).
By definition, the property of “being a RPMP” relies on two thresholds:
a minimum frequency value and a minimum growth-rate value. Throughout
this experiment, the minimum frequency threshold is set to 8% (i.e., a pattern
has to appear in 5 very toxic molecules to be extracted) and the minimum
growth-rate threshold varies. With this minimum frequency threshold, 104.2
frequent fragments are extracted on average from a learning set (consisting
of the very toxic molecules), and these frequent fragments contain on average
5.7 atoms. The number of RPMPs decreases from 318 (when the growth-rate
value is 2) to 43.3 (when the growth-rate value is set to ∞). The RPMPs are
mostly conjunctions of several molecular fragments and their average length
is between 2 and 3 fragments, whatever the growth-rate threshold value is.
1 The Lethal Concentration 50 (LC50) of a molecule indicates the concentration that kills
half of a population of fishes; for the sake of simplicity, the term “toxicity” is used even if
the LC50 indicates the ecotoxicity of a molecule.
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Growth-rate
threshold
2
5
10
25
∞

i
25.2
24.4
27.6
33.7
34.8

Category
ii
iii
13.1 30.0
12.0 32.1
8.7 34.1
1.2 31.3
0.0 29.3

(%)
iv
16.7
11.1
6.6
3.0
2.6

v
14.6
20.1
22.8
30.5
33.1

TABLE 19.1: The RPMPs outside the learning set.

19.3.2

Generalization of the RPMPs

Generalization of the Properties of the RPMPs
As previously seen, “being a RPMP” relies on two key properties: (i) a
RPMP is frequent enough to be representative and to ensure further uses
and (ii) its growth-rate value conveys a relation between the RPMP and the
toxicity. This section assesses whether these key properties can be generalized outside the learning set. For that purpose, we follow the cross-validation
scheme and we examine the behavior of every RPMP in the test set related
to the learning set it has been extracted from. By examining its extent in the
test set, each RPMP is classified into one of the following five exclusive categories: (i) the RPMP meets both the frequency threshold and the growth-rate
threshold, (ii) it only meets the frequency threshold, (iii) it only meets the
growth-rate threshold, (iv) it meets neither the frequency threshold nor the
growth-rate one, (v) it does not occur in the test set.
Table 1.1 gives the portions of the RPMPs in each category for several
growth-rate thresholds. The sum of the portions of the first three categories
shows that two-thirds of the RPMPs still meet the frequency threshold or the
growth-rate one in a test set. By comparing results in categories (ii) and (iii),
one note that a RPMP more often meets the growth-rate threshold than the
frequency one (a half of the RPMP meets the growth-rate threshold whereas
only a third still meets the frequency one). Taken together, these results indicate that the key properties associated to a RPMP are satisfied outside the
learning set.
The RPMPs for Predicting Toxicity of Molecules
In order to quantitatively assess the RPMPs in predictive toxicology, the
following decision rule has been implemented: a molecule is classified as very
toxic if it contains at least one RPMP. Table 1.2 displays the results by using
such a classification rule on the related test set. The first column gives the
value of the growth-rate that has been used for extracting the RPMPs. The
coverage rate indicates the portion of the molecules of a test set that contains
at least one RPMP. The coverage contrast corresponds to the ratio of the
coverage rate amongst the very toxic molecules over the coverage rate amongst
the non-toxic ones. TP (i.e., True Positive) displays the portion of very toxic
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Growth-rate
threshold
2
5
10
25
∞

Length (l)
l≥1
l=1
l≥1
l=1
l≥1
l=1
l≥1
l=1
l≥1
l=1

Coverage
rate (%) contrast
71.1
1.54
64.2
1.84
44.7
3.0
37.8
4.03
34.1
4.9
26.4
6.06
23.1
6.5
13.0
6.97
20.3
5.97
9.3
8.36
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Succes (%)
TP TN OV
94.5 38.9 55.69
94.5 48.8 62.6
83.7 72.0 75.6
79.7 80.2 80.08
77.0 84.3 82.11
63.5 89.5 81.7
56.7 91.2 80.89
32.4 95.3 76.42
48.6 91.8 78.86
24.3 97.0 75.2

TABLE 19.2: Prediction of the toxicity of a molecule thanks to the RPMPs.

molecules that are correctly processed by the decision rule and TN (i.e. True
Negative) is the ratio of non-toxic molecules correctly processed. OV indicates
the overall success rate of the decision rule.
Results show that such a decision rule is able to reach fair overall success rates, greater than 80%. Moreover the contrast values indicate that the
decision rule is more often triggered in the very toxic molecules than in the
non-toxic ones; such a result indicates the reliability of the process. Table 1.2
also provides the results obtained by using only the RPMPs of length 1. We
see that the portions of very toxic molecules that are correctly classified (i.e.
TP) are significantly higher by using the whole set of RPMPs instead of
RPMPs of length 1. Thus, one concludes that there exist conjunctions of nonemerging molecular fragments that have an influence on the toxic behavior of
a molecule. Relationships between the chemical composition of some RPMPs
and their effect on toxicity are discussed in the following section.

19.4

A Chemical Analysis of RPMPs

RPMPs have the advantage to support a chemical analysis. This section
describes such an analysis that gives valuable new information for structuretoxicity relationships. The analysis is carried out according to two chemical
functions or groups, the alkyl chains and the aromatic groups.

Alkyl Chains
A first illustration deals with the impact of the order associated to the
alkyl chains (the fragments are ordered by their number of atoms). The corresponding discovered patterns (cf. Table 1.3) show a clear relation between the
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TABLE 19.3: Growth-rate values of the alkyl chains according to their order
growth-rate values and their orders of the fragments. The meaningful order
of the alkyl chains begins for C6 (6 carbons, growth-rate of 2.7), it increases
strongly for C7 (growth-rate of 6.9) to reach a maximum value for C11 (a
growth-rate of ∞). It is well known that the hydrophobicity of an alkyl chain
correlates with its order and that hydrophobicity of a fragment favors a toxic
behavior. The above analysis shows that the growth-rate values match the
chemical knowledge on toxicity.

Aromatic Groups
The second illustration is related to the aromatic groups. These groups
have a strong impact on the toxicity of chemicals. Our analysis shows that
the nature of the substituents on the aromatic ring plays a major role on
toxicity.
Growth-rate

Molecular fragments

3.01
C

3.06

C

10.7

C

20.7

C

C
C
C

C
C

TABLE 19.4: Association between alkyl chains and aromatic groups
The first example is the combination between an aromatic group and an
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Chlorines in the benzene function
Growth-rate Molecular fragments
2.08
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Chlorines in the phenol function
Growth-rate Molecular fragments
O

3.64
Cl

7.66

13.8

Cl

O

Cl

O

Cl

16.1

∞

Cl

Cl

Cl

∞

Cl

TABLE 19.5: Addition of chlorines

alkyl chain. An aromatic group alone has a growth-rate value of 3. Associated
with a C2 alkyl chain, we do not observe a modification of the growth-rate
value but the growth-rate increases strongly for C3 and C4 alkyl chains (cf.
Table 1.4).
The second example corresponds to the chlorinated benzenes or chlorinated
phenols (cf. Table 1.5, the dotted lines depict a flexibility for the nature of
the last atom associated to the aromatic feature). Chlorine atoms on aromatic
groups lead to increase the toxicity. This point clearly appears in our study.
The addition of one chlorine increases the growth-rate by a factor around 4.
The addition of two chlorines increases the growth-rate by a factor 8, reaching
a maximum value with two chlorines in ortho positions on the aromatic group.
We observe the same evolution for the phenol functions.
The third example concerns the combination between an alkene function
and an aromatic group (cf. Table 1.6-A). The growth-rate is maximum (i.e.
∞), showing the potential high toxicity of the association. One can note that
the alkene function alone has a high growth-rate value (10.73).
The last example deals with the association between a carbonyl function
and an aromatic group (cf. Table 1.6-B). In this case, we observe no significant
evolution of the growth-rate values compared to the patterns without this
function (see the alkyl chains and the aromatic group in Table 1.4). So, the
impact of the carbonyl function on the toxicity is not characterized.
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A- Alkene and aromatic group
Molecular
Growth
fragments
rate

B- Carbonyl function and aromatic group
Growth
Molecular
rate
fragments

10.73

C

C

3.06

C

O

∞

C

C

10.35

C

O

16.01

C

C
C

C
C

C

O
C

C

TABLE 19.6: Combination with an aromatic group

19.5

Conclusion

In this chapter, we have defined the notion of a frequent emerging molecular pattern, such a pattern being useful in chemoinformatics. We have shown
that the whole set of frequent emerging molecular patterns can be condensed
by means of their related representative pruned molecular patterns. An experimental study has been carried out on a chemical dataset. This study has indicated the effectiveness of using the information provided by the occurrences
of frequent emerging molecular patterns in predictive toxicology: a decision
rule based on such patterns can distinguish between a very toxic molecule and
non-toxic one in 80% of the cases. Besides, it has been shown in Section 1.4
that the evolution of the growth-rate values associated to each Representative
Pruned Molecular Patterns gives new keys to understand the impact of an
atom, a group of atoms or a chemical function on the toxicity of a chemical
derivative. These results strongly advocate the potential of this new approach
for computational toxicology.
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